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Abstract—This paper presents the application of two 
nature-inspired meta-heuristic algorithms, namely moth-flame 
optimizer (MFO) and ant lion optimizer (ALO) in obtaining the 
optimal settings of control variables for solving optimal reactive 
power dispatch (ORPD) problems. MFO is developed by the 
inspiration of the natural navigation method of moths during 
night time while ALO is inspired by the natural foraging 
technique of antlions in hunting ants. These two algorithms are 
implemented in ORPD to determine the optimal value of 
generator buses voltage, transformers tap setting and reactive 
compensators sizing in order to minimize power loss in the 
transmission system. In this paper, IEEE 57-bus system is 
utilized to show the effectiveness of MFO and ALO. Their 
statistical results are compared against other metaheuristic 
algorithms. The results of this paper illustrate that MFO is able 
to achieve a lower power loss than ALO and other selected 
algorithms from literature. 
 
Index Terms—Ant Lion Optimizer; Loss Minimization; 




Optimal reactive power dispatch (ORPD) is a complex and 
nonlinear problem in power system operation. It is classified 
as a sub-problem of optimal power flow (OPF). There are 
numbers of objective functions of ORPD problems, including 
minimization of power loss, voltage deviation and voltage 
stability index [1]. In this paper, the objective function used 
to solve ORPD problems is through power loss minimization 
in power system. The power loss minimization is done by 
finding the optimized results of the control variables while 
satisfying the operating constraints. These control variables 
including generator buses voltage, transformers tap setting 
and reactive compensators setting. 
From the past till now, there are numerous techniques have 
been proposed by researchers in addressing the ORPD 
problems. The techniques proposed ranging from 
conventional methods to meta-heuristic methods as well as 
hybrid optimization methods. Recently, meta-heuristic 
methods gain an ever-increasing interest in solving ORPD 
problems. The meta-heuristic methods are basically divided 
into three main categories: swarm intelligence, computation 
evolutionary and physic-based. Most of the techniques under 
meta-heuristic algorithms are proposed and developed 
according to the natural inspiration. Lately, many nature-
inspired meta-heuristic algorithms have been applied to solve 
ORPD problems. This included artificial bee colony (ABC) 
[2], honey bee mating optimization (HBMO) [3], grey wolf 
optimizer (GWO) [4], cuckoo search algorithm (CSA) [5], 
harmony search algorithm (HSA) [1], gravitational search 
algorithm (GSA) [6], particle swarm optimization (PSO) 
[7]-[14] and so on. 
This paper proposes two nature-inspired metaheuristic 
algorithms, moth-flame optimizer (MFO) and ant lion 
optimizer (ALO) in obtaining the optimal results of ORPD 
problem for power loss minimization objective. The 
optimization processes of MFO and ALO are independent of 
each other. The implementation of MFO in ORPD problems 
is through the concepts of natural navigation techniques of 
moth around a flame whereas ALO applied the concepts of 
natural foraging mechanism of antlion to solve ORPD 
problems. Both of these two algorithms have been developed 
by Seyedali Mirjalili [15], [16] in the year of 2015. The 
efficacy and effectiveness of MFO and ALO are tested by 
utilizing IEEE 57-bus system. 
The organization of this paper is as follows: Section 2 
discusses the ORPD mathematical formulation for power loss 
minimization objective. Then, Section 3 presents the brief 
introduction of MFO followed by brief description of ALO in 
Section 4. The implementation of MFO and ALO in solving 
ORPD problems is explained in Section 5. Section 6 analyses 
the simulation results along with the discussion. Last but not 
least, Section 7 concludes the findings of the study. 
 
II. ORPD MATHEMATICAL FORMULATION FOR LOSS 
MINIMIZATION 
 
In this paper, the objective function of ORPD is to 
minimize total power loss of the transmission system. The 
ORPD problem can be formulated as the minimization of 











where: ),( uxf  = Objective function 
 0),( uxg  = Equality constraints 
 0),( uxh  = Inequality constraints 
 x     = Vector of dependent variables 
 u    = Vector of control variables 
 
The function f is subjected to the following operating 
constraints. The equality constraint is the power balanced of 
load flows which can be expressed as in Equation (2) and (3): 
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ijijijijjiDiGi GBVVQQ  sincos  (3) 
 
where: PGi  = Real power generation 
 QGi  = Reactive power generation 
 PDi  = Real load demand 
 QDi  = Reactive load demand 
 Vi   = Voltage magnitude at i-th bus 
 Vj   = Voltage magnitude at j-th bus 
 Bij  = Conductance of i-j th transmission line 
 Gij  = Susceptance of i-j th transmission line 
θij = Angle difference between bus-i and bus-j 
 
The inequality constraints including generators’ 
constraints, transformers tap ratio and reactive compensators 
sizing are expressed in terms of their respective boundaries as 
below: 
maxmin
GiGiGi PPP  i = 1, …, NG (4) 
maxmin
GiGiGi QQQ  i = 1, …, NG (5) 
maxmin
GiGiGi VVV  i = 1, …, NG (6) 
maxmin
iii TTT  i = 1, …, NT (7) 
maxmin
CiCiCi QQQ  i = 1, …, NC (8) 
where: NG = Number of generators 
 NT = Number of transformers 
 NC = Number of reactive compensators 
 
In this paper, MATPOWER 5.1 software package 
[17], [18] is applied to achieve the objective function 
aforementioned. This software package is used to make sure 
fair and reasonable comparison can be made between the 
proposed algorithms with the selected reviewed techniques. 
Additionally, precise results can be obtained by executing the 
load flow program using MATPOWER. 
 
III. MOTH-FLAME OPTIMIZER (MFO) 
 
MFO algorithm is inspired by the unique navigation 
techniques of moths during night time. They travel depending 
on the moonlight by using transverse orientation. In order to 
model MFO algorithm, the following matrices are expressed 























































 where: n = Number of moths 
 d = Number of variables 
 
In MFO, both moths and flames are solutions where moths 
are the actual search agents that navigate around the search 
space. On the other hand, the flames are the best position of 
moths obtained so far during optimization. The following 
mathematical formula expressed the mechanism of each moth 
updates its position according to a flame in order to find a 
better result [15]: 
 
jii FMSM ,  (11) 
where: Mi = The i-th moth 
 Fj  = The j-th flame 
 
S is the logarithm spiral function which is the main update 
mechanism of moths as expressed as below: 
 
    jbtiji FteDFMS  2cos,  (12) 
 
where: b  = Constant that used to define the shape of the  
      logarithmic spiral 
 t  = Random number that indicates how close the  
      next position of moth to the flame 
 Di = Distance of i-th moth for j-th flame 
 
IV. ANT LION OPTIMIZER (ALO) 
 
ALO algorithm is another nature-inspired algorithm which 
is inspired by the natural foraging behaviour of antlions when 
hunting ants. It is developed according to five stages: random 
walk of ants, entrapment of ants, building pits, catching ants 
and rebuilding pits. In ALO, the ants’ random walk positions 






























 where: n = Number of ants 
 d = Number of variables 
 
The positions of antlions which hiding in traps somewhere 
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 where: n = Number of antlions 
 d = Number of variables 
 
The entrapment of ants in antlions’ traps can be 









i dAntliond   
(16) 
 where: Antlionjt = Position of the selected j-th antlion at t-th  
       iteration 
 ct   = Minimum of all variables at t-th iteration 
 d t  = Maximum of all variables at t-th iteration 
 cit   = Minimum of i-th variable at t-th iteration 
 dit  = Maximum of i-th variable at t-th iteration 
 
Once an ant is in the trap, the antlions will try to slide the 
ants against towards them by shooting the sand outwards the 
center of the trap. This behavior can be described by the 

















where: I = Ratio 
 
Finally, the ant will become fitter than the antlion. This 
happened when the ant is caught by the anlion deeply in the 
trap. The antlion will then update its position according to the 
position of the hunted ant. This is to improve the chance for 
the next hunt. This situation can be expressed by the equation 
below [16]: 
 
   tjtititj AntlionAntfifAntAntlion   (19) 
 
where: Antlionjt = Position of the selected j-th antlion at t-th  
       iteration 
 Antit = Position of the selected i-th ant at t-th  
       iteration 
 
The fittest antlion attained so far in each iteration is 
assumed as elite, which it is able to affect the random 
movement of the ants. Therefore, all the ants randomly move 
around the elite and a selected antlion simultaneously as in 











  (20) 
 
where: RAt = Random walk around the selected antlion at  
      t-th iteration 
 REt = Random walk around the elite at t-th iteration 
 
V. MFO AND ALO FOR ORPD PROBLEM 
 
The application of MFO and ALO in solving ORPD 
problems especially in finding the optimal setting of the 
control variables in order to achieve the power loss 
minimization by satisfying all the constraints 
aforementioned. It is worth to emphasize that the simulation 
processes of MFO and ALO are separate and independent. 
Initially, the number of search agents (number of moths and 
number of ants) and maximum iteration are set. Both of the 
moths and ants are the candidate solutions which constructed 
in matrix form as in Equation (9) and Equation (13), 
respectively. 
During the evaluation process, each moth and each ant that 
comprises the base value of the control variables is mapped 
into the load flow data of MATPOWER. Then, the load flow 
program is executed to calculate the total power transmission 
loss. It is worth to mention that the processes of updating the 
positions (variables) using MFO and ALO are different. In 
MFO, the loss will be obtained for respected moth after 
updating the variables according to their corresponding flame 
using Equations (11)-(12). Whereas, in ALO, the loss will be 
obtained for respected antlion after updating the positions 
based on the ants using Equations (15)-(20). Then, the fittest 
antlion will be assumed as the elite. 
Once the loss has been obtained, the matrix will be sorted 
according to their fitness value. The best result obtained so 
far is located at the top of the matrix while the worst result is 
situated at the bottom of the matrix. If the updated positions 
(variables) are out of the boundaries as constrained, they will 
be pegged at their respective lower and upper limits so as to 
ensure the results obtained are precise. The optimization will 
continue until the stopping criterion (maximum iteration) is 
reached. The application of MFO and ALO in solving ORPD 
is illustrated in Figure 1. 
 
VI. RESULTS AND DISCUSSION 
 
In order to illustrate the effectiveness of MFO and ALO 
algorithms in solving ORPD problems, a medium test system 
of IEEE-57 bus system is used in this paper. This test system 
consists of 25 control variables that need to be optimized 
which including seven generators, 15 transformers and three 
injected shunt reactive elements. The three reactive 
compensators are located at buses 18, 25 and 53, respectively. 
The operating boundaries of all control variables are 
tabulated in Table 1. For this case study, the real and reactive 
load demands are 1250.8 MW and 336.4 MVar, respectively. 
For optimization purpose, the number of search agents and 
maximum iteration is set as 30 and 300, respectively. The 
number of function evaluation (NFE) for this test case in 
order to reach the optimal results is 9000. 
In this paper, the results of MFO and ALO are compared 
with four other nature-inspired meta-heuristic algorithms: 
firefly algorithm (FA) [19], grey wolf optimizer (GWO) [19], 
seeker optimization algorithm (SOA) [20] and cuckoo search 
algorithm (CSA) [5]. For fair and reasonable comparison, all 
the results of the selected reviewed algorithms are taken out 
and mapped into the same load flow program that used in this 
study. Their results of the optimized control variables are 
executed in order to calculate the total power transmission 
losses using MATPOWER. Table 2 tabulated the optimized 
results of the control variables and power losses obtained by 
different algorithms. The initial setting of the control 
variables of this test case also included in this table with base 
case loss of 27.8640 MW. 
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Figure 1: Flowchart of MFO and ALO for solving ORPD 
 
Based on Table 2, it can be concluded that the power loss 
obtained by MFO is the best among others. Whereas, ALO 
get the worst result among all the algorithms tested in this 
case study. MFO is able to reduce 12.96 % of total power loss 
while ALO reduces 11.13 % of loss reduction from the base 
case loss. Furthermore, the recent best results attained from 
other study are those optimized by CSA (PLoss=24.2619 MW) 
and SOA (PLoss=24.2677 MW). When compared MFO with 
CSA and SOA, it produces about 0.06 % and 0.04 % of 
improvement in loss reduction. In a nutshell, it is concluded 
that MFO is able to excel their results. However, ALO 
produces a higher total power loss (PLoss=24.7621 MW) than 
both CSA and SOA. 
Table 3 illustrates the comparison of statistical results for 
power loss minimization between ALO and MFO in terms of 
best, average and worst results. Based on this table, MFO is 
able to gain lower best and average results than the results of 
ALO. Whereas, ALO is able to get a lower worst result than 
MFO. To further exhibit the comparison between ALO and 
MFO, their best-optimized results obtained from 30 
simulation runs are plotted in the same graph as depicted in 
Figure 2. The results of power loss optimized by MFO are 
mostly varied between 24 MW and 25 MW while the results 
of ALO are mostly varied between 25 MW and 26 MW. 
From this graph, it can be concluded that MFO can produce a 
lower range of power losses than ALO. However, ALO can 
produce more consistent results than MFO throughout the 30 
simulations. Furthermore, Figure 3 and Figure 4 show the 
convergence performances of MFO and ALO for power loss 




Boundaries Setting of Control Variables for IEEE-57 Bus System 
 
Control Variables Lower Bound Upper Bound 
Generator Buses Voltage 0.94 p.u 1.06 p.u 
Transformers Tap Setting 0.90 p.u 1.10 p.u 
QC18 0 MVar 10.00 MVar 
QC25 0 MVar 5.90 MVar 
QC53 0 MVar 6.30 MVar 
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Table 2 





FA [19] GWO [19] SOA [20] CSA [5] ALO MFO 
V1 1.0400 1.0600 1.0600 1.0600 1.0600 1.0600 1.0600 
V2 1.0100 1.0572 1.0562 1.0580 1.0582 1.0595 1.0587 
V3 0.9850 1.0428 1.0370 1.0437 1.0466 1.0494 1.0469 
V6 0.9800 1.0366 1.0202 1.0352 1.0409 1.0409 1.0421 
V8 1.0050 1.0541 1.0449 1.0548 1.0587 1.0600 1.0600 
V9 0.9800 1.0355 1.0294 1.0369 1.0417 1.0469 1.0423 
V12 1.0150 1.0320 1.0319 1.0336 1.0377 1.0426 1.0373 
T4–18 0.9700 0.9312 0.9847 1.0000 0.9440 1.0791 0.9501 
T4–18 0.9780 0.9901 0.9326 0.9600 1.0182 1.0629 1.0076 
T21–20 1.0430 0.9845 0.9576 1.0100 1.0207 1.0471 1.0063 
T24–26 1.0430 1.0112 0.9968 1.0100 1.0110 0.9993 1.0076 
T7–29 0.9670 0.9683 0.9636 0.9700 0.9744 0.9768 0.9752 
T34–32 0.9750 0.9657 0.9812 0.9700 0.9721 0.9985 0.9722 
T11–41 0.9550 0.9762 1.0621 0.9000 0.9015 0.9958 0.9000 
T15–45 0.9550 0.9653 0.9755 0.9700 0.9723 0.9827 0.9719 
T14–46 0.9000 0.9524 0.9639 0.9500 0.9537 0.9793 0.9536 
T10–51 0.9300 0.9671 0.9723 0.9600 0.9664 1.0204 0.9674 
T13–49 0.8950 0.9291 0.9248 0.9200 0.9269 0.9530 0.9279 
T11–43 0.9580 1.0020 0.9554 0.9600 0.9645 1.0092 0.9641 
T40–56 0.9580 1.0224 1.1000 1.0000 0.9943 1.0675 0.9998 
T39–57 0.9800 1.0232 0.9976 0.9600 0.9737 1.0480 0.9606 
T9–55 0.9400 0.9687 0.9845 0.9700 0.9750 1.0111 0.9790 
QC18 10.000 4.1934 1.8917 9.9840 9.2807 8.8172 9.9968 
QC25 5.9000 4.2297 5.2489 5.9040 5.8943 5.3446 5.9000 
QC53 6.3000 5.9252 5.1513 6.2880 6.2885 5.4923 6.3000 
PLoss (MW) 27.8640 24.4587 24.7523 24.2677 24.2619 24.7621 24.2529 
Table 3 
Comparison of Statistical Results for Power Losses Between ALO and 
MFO 
 
Compared Items (PLoss) ALO MFO 
Best Result (MW) 24.7621 24.2530 
Average Result (MW) 25.3026 24.7702 




Figure 2: Comparison of power loss performances between ALO and MFO 














In this paper, two nature-inspired meta-heuristic 
algorithms, MFO and ALO are implemented in solving 
ORPD problems. The effectiveness of this two algorithms 
was tested utilizing IEEE 57-bus system. Based on the 
simulation results, it is proven that MFO is better compared 
to ALO and other reviewed algorithms from literature in 
terms of obtaining the lowest power loss. Whereas, ALO is 
the worst among the compared algorithms. However, ALO 
can produce more consistent results throughout the 30 
simulations than MFO. Therefore, the implementation of this 
two algorithms in other applications including voltage 
deviation minimization, voltage stability index minimization, 
multi-objectives ORPD and considering practical operating 
constraints related to generating units (prohibited zones and 
valve points loading effects) are recommended to be 
proposed in future. 
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